Cardiorespiratory fluctuations such as changes in heart rate or respiration volume influence the temporal dynamics of cerebral blood flow (CBF) measurements during arterial spin labeling (ASL) fMRI. This "physiological noise" can confound estimates of resting state network activity, and it may lower the signal-to-noise ratio of ASL during task-related experiments. In this study we examined several methods for minimizing the contributions of both synchronized and non-synchronized physiological noise in ASL measures of CBF, by combining the RETROICOR approach with different linear deconvolution models. We evaluated the amount of variance in CBF that could be explained by each method during physiological rest, in both resting state and task performance conditions. To further demonstrate the feasibility of this approach, we induced low-frequency cardiorespiratory deviations via peripheral adrenergic stimulation with isoproterenol, and determined how these fluctuations influenced CBF, before and after applying noise correction. By suppressing physiological noise, we observed substantial improvements in the signal-to-noise ratio at the individual and group activation levels. Our results suggest that variations in cardiac and respiratory parameters can account for a large proportion of the variance in resting and task-based CBF, and indicate that regressing out these non-neuronal signal variations improves the intrinsically low signal-to-noise ratio of ASL. This approach may help to better identify and control physiologically driven activations in ASL resting state and task-based analyses.
noise that dominates the temporal SNR of the ASL time series (Fernandez-Seara, Rodgers, Englund, & Wehrli, 2016; Wang et al., 2002) .
Despite all the advantages of ASL, the low SNR has been the most important limiting factor for the application of this method in neuroimaging studies of cognitive processes (Petcharunpaisan, Ramalho, & Castillo, 2010; Wang, Chen, Fernandez-Seara, & Detre, 2011) .
Physiological noise in fMRI signals (ASL and BOLD) originates mainly from the cardiovascular and respiratory systems, which influence the temporal dynamics of these signals via different parameters of the heartbeat and respiration. Changes in the magnetic field (B 0 ) due to respiration induced chest movement, bulk motion of the head during each heartbeat, and pulsatility of blood and cerebrospinal fluid (CSF) transmitted through blood vessels, result in signal changes that are time locked to (synchronized with) the cardiac and respiratory cycles (Liu, 2016) . Different methods have been developed to reduce these signal artifacts that are time locked to cardiorespiratory function. These include temporal filtering (e.g., using a finite impulse-response function; Siegel et al., 2016) , high pass filtering using general linear model (GLM; including a discrete cosine transform set in a GLM design matrix; Friston, 2007) , and retrospective correction in k-space (RETROKCOR; Hu, Le, Parrish, & Erhard, 1995) or imaging space (RETROICOR; Glover, Li, & Ress, 2000) . Compared to RETROKCOR, RETROICOR correction incorporates measures of cardiac and respiratory phases in a regression model that is applied separately to each voxel's data. RETROICOR appears to remove a substantial portion of both global and localized time locked physiological artifacts in BOLD and ASL signals, without introducing artificial coupling of noise corrections across spatial regions (Glover et al., 2000; . Previous fMRI studies have evaluated the performance of the RET-ROICOR method on either resting-state BOLD data (Brooks, Faull, Pattinson, & Jenkinson, 2013; Glover et al., 2000) or task-based ASL data . However, the spatial distribution of such noise across groups of subjects or different data sets (e.g., resting vs. task based) has received less attention. For example, Glover et al. (2000) introduced the RETROICOR method, but, by applying it only to the resting-state BOLD data of three individual subjects, they were unable to draw strong conclusions about the spatial distribution of synchronized physiological noise at the group level. Other BOLD studies of the RETROICOR method have focused on selected regions such as the brainstem or spinal cord, due to their heightened susceptibility to cardiorespiratory motion artifacts (Brooks et al., 2008; Brooks et al., 2013) . Restom et al. (2006) extended the application of the RETROICOR method to ASL data by showing that it helps to detect greater numbers of active voxels in visual and hippocampal ROIs. However, in that study the spatial distribution of noise across a group of subjects and different data sets (resting vs. task based) was not assessed.
In addition to respiratory related magnetic (B 0 ) distortion, small changes in respiration can significantly alter arterial carbon dioxide tension (PCO 2 ), which, in turn, has a large effect on cerebral perfusion. For example, in the normal physiology encompassing range of 20-60 mmHg, a 1 mmHg increase (or decrease) in arterial PCO 2 can result in a 1 ml/100 g/min increase (or decrease) in CBF (Poulin, Liang, & Robbins, 1996) . Because CO 2 molecules easily pass through the blood brain barrier, they can readily modulate extracellular pH, which is an important trigger of cerebral autoregulation (Kontos, Raper, & Patterson, 1977; Yoon, Zuccarello, & Rapoport, 2012) . Variations in PCO 2 have a greater regulatory influence on CBF than other intrinsic physiological factors, such as cerebral metabolism, cerebral perfusion pressure, or cardiac output (Giardino, Friedman, & Dager, 2007; Kemna & Posse, 2001 ). An important physiological consideration is that while changes in PCO 2 can affect cerebral perfusion almost immediately, PCO 2 levels in the blood do not immediately vary after changes in breathing volume or breathing rate (Bradley, Semple, & Spencer, 1965) . The consequence of this physiological characteristic is that fluctuations in respiration volume may induce delayed yet systematic PCO 2 -mediated variations in CBF that cannot be effectively removed using the aforementioned approaches for reducing synchronized noise (Birn, Smith, Jones, & Bandettini, 2008b ; Van den Aardweg & Karemaker, 2002) .
The non-synchronized effects of respiration on BOLD dynamics have been previously described and characterized. For example, using a breathing task that included a series of cued single deep breaths, Birn, et al. (2008b) showed that changes in respiration volume result in prolonged (lasting up to 30 s) and biphasic changes in the BOLD signal.
These changes accounted for a significant portion of variance in resting state BOLD data (Birn et al., 2008b; Chang, Cunningham, & Glover, 2009) . A relatively similar relationship between the BOLD signal and heart rate (HR) changes has been described (Chang et al., 2009; Shmueli et al., 2007) . In the Chang et al. (2009) study, a convolution model including estimates or canonical templates of both cardiac and respiratory response functions explained significantly more variance in gray matter BOLD signal than a model based solely on the respiration parameters. Better noise suppression was achieved when subject-specific estimates of both cardiac and respiratory response functions were derived and applied to the convolution model (Falahpour, Refai, & Bodurka, 2013) . However, the specific mechanisms by which non-synchronized cardiorespiratory activity modulates BOLD dynamics are poorly understood, particularly because it is a byproduct of several different variables including the cerebral metabolic rate of oxygen (CMRO2), cerebral blood volume and CBF. Because of the complex relationship between BOLD and CBF dynamics, it is also unclear (1) whether CBF signals are similarly (i.e. via a biphasic response function) affected by changes in the cardiorespiratory outputs and (2) how much respiration and heart rate induce non-synchronized noise into ASL measures of cerebral perfusion.
In the current study, we explored the effect of changes in cardiorespiratory outputs on the ASL measure of CBF and evaluated several methods for minimizing contributions of synchronized and nonsynchronized cardiorespiratory physiological noise in this signal. First, we applied a previously described RETROICOR method for ASL to remove synchronized (time locked) physiological artifacts. Second, we combined this method with a linear deconvolution approach used previously for BOLD (Chang et al., 2009; Shmueli et al., 2007) , to identify the additional amount of variance in restingstate and task-based CBF dynamics that could be explained by nonsynchronized factors. Finally, we sought to extend the feasibility of this approach to non-quiescent physiological states, by examining the effect of transient elevations in cardiorespiratory activity on task-based ASL measures of hemodynamic activity in the human brain. To accomplish this, we induced low-frequency deviations in cardiorespiratory processing via peripheral adrenergic stimulation with isoproterenol, and determined how these fluctuations influenced CBF, before and after applying noise correction. Isoproterenol is a rapidly acting betaadrenergic medication that is similar to adrenaline. It acts by peripherally stimulating cardiorespiratory output Khalsa, Rudrauf, Feinstein, & Tranel, 2009a; Khalsa, Rudrauf, Sandesara, Olshansky, & Tranel, 2009b) . It does not cross the blood brain barrier (Murphy & Johanson, 1985; Olesen, Hougard, & Hertz, 1978) , and we have recently demonstrated that this medication is amenable to identifying neurocognitive functions in the fMRI environment (Hassanpour et al., 2016) . In order to identify the impact of physiological noise changes on task-based ASL indices of brain activity, we paired the administration of isoproterenol with audio-visual stimulus presentation.
We predicted that incorporating non-synchronized physiological noise models would increase the sensitivity of ASL to detecting neuronal activation during resting-state scanning, and in audio-visual target regions during task-based scanning, at the individual and group level.
| M E TH OD

| Participants
Twenty-three healthy individuals (11 female; mean age: 26 6 6 years, 22 right handed, BMI: 25.7 6 4.4) participated in this study. These participants did not have any lifelong history of neurological, psychiatric, diabetic, cardiovascular or respiratory disorders. All were unmedicated, and all demonstrated normal vital signs, a normal physical exam (performed by a physician), and normal 12-lead electrocardiograms. The study was approved by the Western Institutional Review Board and conducted at the Laureate Institute for Brain Research. All participants provided written informed consent and were compensated for their participation.
| MRI data acquisition
Experiments were performed on a 3 Tesla General Electric (GE) MR750 MRI scanner with a GE 8-channel receive-only head coil. Functional 2D images of 24 axial slices were acquired using a pseudo-continuous ASL (pCASL) pulse sequence (Dai, Garcia, de Bazelaire, & Alsop, 2008; Wu, Fernandez-Seara, Detre, Wehrli, & Wang, 2007 ) with a single-shot gradient-echo EPI readout and the following parameters: FOV/slice thickness 5 220/5 mm, matrix size 5 64 3 64, labeling duration 5 1.8 s, post-labeling delay 5 1.5 s, TR/TE 5 4000/13 ms, and flip angle 5 908. We ran two brief 12-s runs at the end to record minimum contrast and ASL calibration images to be used in CBF quantification. This sequence of pCASL was originally provided to us by Dr. 
| Experimental protocol
Participants underwent two resting scans and six task scans. During resting-state scans, they were instructed to fixate on a white cross on a black screen, and to "try not to think about anything in particular." Each resting scan was 6 min in duration, always occurring once before and once after the task scans. During each task scan, which lasted 4 min, participants received 3 alternating blocks of simultaneous auditory-visual stimulation (40 s ON, 40 s OFF). Visual information consisted of a black/ white checkerboard pattern, flickering at 8 Hz. Auditory information consisted of a series of randomly alternating tones, which were presented only during the checkerboard ON conditions. To enhance and maintain visual attention throughout the scan, these stimuli were paired with a continuous performance task (pressing a left button when a left-pointing arrow appeared superimposed on the center screen; vice versa for the right arrow. For each arrow participants had 2.5 s to press either button).
During each task scan, participants received a single bolus intravenous infusion at 60 s while lying in the scanner: either saline or isoproterenol hydrochloride (Valeant Pharmaceuticals, Laval, Quebec, Canada) , at a dose of 1 or 2 mg. We selected these bolus doses because (i) they produced sizeable and reliable changes in cardiorespiratory parameters in our previous studies Khalsa et al., 2009a Khalsa et al., , 2009b , (ii) we have found them to be well tolerated in the fMRI environment (Hassanpour et al., 2016) , and (iii) they induce transient changes lasting <100 s, so that we can expect their effects do not extend to subsequent scans. Each dose was repeated twice for a total of six infusion scans, and the infusion order was randomized and double-blinded (Figure 1 ). Cardiac and respiration waveforms were acquired concurrently with all scans via a scanner provided pulse-oximeter placed on the nondominant index finger, and a respiratory effort transducer belt placed around the participant's abdomen (both at 40 Hz).
| Data analysis
For each run, all functional volumes were co-registered to the first control volume using a rigid-body volume registration and then spatially smoothed using a 3D Gaussian kernel with full width half maximum of 6 mm in AFNI (Cox, 1996) . To allow the MR signals to reach a steadystate the first four volumes were discarded. Physiological noise correction was performed in two parts. In the first part of physiological noise removal the RETROICOR procedure was applied separately to control and tag images to remove synchronized noise (described further in Part 1 in the following section). Before removing non-synchronized noise, we calculated perfusion images using a simple pair-wise surround subtraction between control and label images, and also calibrated the CBF values. To calibrate the CBF values, we first, co-registered perfusion images to the subject's T1-weighted image and then structural co-registered functional images were brain masked in FSL (Jenkinson, Bannister, Brady, & Smith, 2002; Jenkinson & Smith, 2001) . We estimated the imaging sensitivity profile from the minimum contrast images, and used this to correct perfusion images. ASL calibration images were also corrected for sensitivity and then normalized to the Talairach atlas (TT_N27) in AFNI (Cox, 1996) . We then calculated the mean CSF signal within the ventricles, which was used as a measure of the equilibrium magnetization of arterial blood. CBF in each voxel was then calculated using a general kinetic model for pCASL (Alsop et al., 2015; Buxton et al., 1998) . After applying the second part of physiological noise removal (described further in Part 2 in the following section), the corrected images were then spatially transformed to the Montreal Neurological Institute (MNI) 152 atlas space using a linear affine transformation in FSL (Jenkinson et al., 2002; Jenkinson & Smith, 2001) . Noise removal steps and statistical analysis are explained in more detail in the following sub-sections. Unless otherwise stated, after applying all the analysis steps separately to each data set, and prior to the group-level analysis, the results were averaged across two repetitions of each condition to represent subject-level results for that condition (the resting-state and audio-visual task with saline, 1 and 2 mg infusions were each repeated twice, resulting in eight data sets per subject).
| Part 1: Synchronized physiological noise correction using RETROICOR
Assuming that the cardiac and respiratory waveforms are quasiperiodic (Glover et al., 2000) , their phases were calculated at 1 Hz and determined for each slice acquisition time. A regression model containing the Fourier expansion (second order) of cardiac and respiratory phases and regressors for mean, linear and quadratic trends in signal were generated (seven regressors in total) and applied separately to control and tag images. Only estimates of physiological noise components were subtracted from the data. No additional temporal bandpass filtering was performed. variability (RV). We did not incorporate respiration rate in noise models because as mentioned in the introduction respiration volume changes provide a more physiologically relevant measure of the respirationrelated factors that can affect cerebral perfusion. RV was measured by calculating the standard deviation in respiratory waveform on a sliding window of 6 s centered at each desired TR sampling point (Chang et al., 2009) . These cardiorespiratory components were calculated separately from each individual's recorded physiological waveforms. They were employed separately and also together (referred as HRRV model) in the linear deconvolution model (Equation 1). To examine the effect of the interaction between cardiac and respiratory functions on CBF,
we also considered a model based on HR multiplied by RV (referred as interaction model: Int-HRRV). Because of the temporal subtraction inherent to calculating estimates of CBF, we hypothesized that the temporal gradients (aka frame to frame changes) of HR and RV rather than their absolute dynamics might better explain fluctuations in CBF measures. Therefore, we constructed another set of deconvolution models based on temporal gradients of HR and RV (referred as dHR and dRV model, respectively).
In the linear deconvolution model, the time series of each voxel (y t ð Þ) was modeled as a linear convolution of a cardiorespiratory component (X CRC t ð Þ) and an unknown transfer function (h t ð Þ).
The Equation 
Here, y is a vector with T components (T is the number of samples) and X CRC is a matrix with dimension of T 3 N and the transfer function h is a vector comprised of a finite number of parameters (N). We chose N 5 8 to have a transfer function with 28-s duration (because TR duration is 4 s), corresponding roughly to the 30 s transfer function estimated by Chang et al. (2009) . The first parameter of h, h1, was forced to be zero. No additional shape defining constraint was applied. Thus, the number of regression degrees of freedom was 7 for HR, RV, their temporal gradients and interaction models, and 14 for models that incorporated HR and RV or their gradients together.
A least-square estimation method was used to estimate h (Ashby,
After estimating the voxel-wise linear transfer functions (LTFs),ĥ, non-synchronized physiological noise modeled by X CRC was removed from each voxel's time series.
y corrected is the data remaining after correcting for nonsynchronized physiological noise.
| Statistical analysis
To evaluate the impact of incorporating both cardiorespiratory compo- Subject-level maps of brain responses to the audio-visual stimuli were generated separately for each infusion scan (saline, isoproterenol 1 mg and isoproterenol 2 mg), by using a block averaging method where stimulus versus baseline contrast maps were generated by averaging the three stimulus OFF blocks and subtracting them from the average of three stimulus ON blocks (Each block contained 10 volumes except the first ON block that contained six volumes; Figure 1 ). Group-level statistical maps of brain activation were generated by averaging the contrast maps across subjects and estimating the variance using a random effects analysis that incorporated variance across subjects. Statistical maps were thresholded at p < .001 (uncorrected). A cluster size analysis based on random field theory was performed to determine the statistical significance of above threshold clusters at p < .05 (corrected; Hassanpour et al., 2014; Hayasaka & Nichols, 2003) . 
| Synchronized physiological noise in the ASL signal
Using the RETROICOR procedure, we found that up to 60% of the variance in the ASL signal at the single voxel level could be explained by fluctuations that were time-locked to cardiac and respiratory cycles (Figure 3) . The HRRV and dHRdRV models both showed a global noise distribution compared to other models, which localized the noise to larger amounts of gray matter regions (Supporting Information Figure S3 ). In a statistical comparison using a voxel-wise F-test, we found that on average 13.8% 6 1.0% additional voxels were explained by the HRRV versus HR comparison whereas only 10.0% 6 3.7% additional voxels were found by the HRRV versus RV comparison, which emphasizes the positive effect of combining both the HR and RV components when performing nonsynchronized noise correction. Finally, across subject variance in meanresting state CBF measures (CBF signal averaged across time and then the whole brain) substantially decreased after removing nonsynchronized physiological noise (Supporting Information Figure S4 ).
| Cardiac and respiratory linear transfer functions for CBF
To explore whether there was a systematic relationship between cardiorespiratory activity and cerebral perfusion, we examined the esti- Figure S5 ). Hence, using K-mean clustering on voxel-level LTFs of all the subjects, six LTFs were pooled for each physiological component (HR and RV) (Figure 4a,b) . Then, voxels were clustered at the subject level based on these six selected LTFs, and the largest cluster was identified. In general, the largest cluster in all the subjects was related to one particular LTF among the six: LTF 5 for HR and LTF 3 for RV (thicker curves in Figure 4a ,b and Supporting Information Figure S6 ).
Finally, a single subject-level transfer function was estimated for each subject by averaging voxel-level LTFs within the identified cluster.
Group-level transfer functions were then estimated by averaging across the subject-level LTFs (Figure 4c ). This analysis showed that fluctuations in cardiorespiratory parameters could result in non- The percentage values were calculated using the formula: (variance explained by synchronized noise/variance in signal) 3 100 for each voxel. Variance explained by synchronized noise was variance in signal before RETROICOR correction minus signal after RETROICOR correction. The percentage maps were calculated for each data set in each subject's native image space. These maps were subsequently transferred to standard atlas space and then averaged across two repetitions of each condition and finally, across subjects.
2
These percentage values were estimated by calculating the variance explained by synchronized noise across the brain at two repetitions of each dose, and taking the average. The variance for the saline condition was then subtracted from the variance for the 1 and 2 mg conditions. Finally, these differences were normalized by the variance for the saline condition and converted to percentage values and averaged across the brain and subjects.
3
The percentage values were calculated using the formula: (variance explained by non-synchronized noise/ variance in signal corrected for synchronized noise) 3 100 for each voxel. The percentage maps were calculated for each data set in each subject's native image space then averaged across two repetitions of each condition and then across the whole brain voxels, and finally, across subjects.
| Impact of transient increases in cardiorespiratory activity on CBF
Finally, we examined if transient elevations in cardiorespiratory activity using isoproterenol could alter the dynamics of CBF activity, and whether removing non-synchronized noise might reduce this effect.
We started with a whole brain analysis of CBF images recorded during audio-visual stimulation paired with infusions of saline, 1 and 2 mg isoproterenol ( Figure 5a and Supporting Information Figure S7 , latter showing effects before and after multiple comparison correction). We
FIG URE 3
Global variance (averaged across the whole brain) in CBF explained by different deconvolution models: Heart rate (HR) only, variance in respiration volume only (RV), HR and RV together (HRRV) and interaction between HR and RV (Int-HRRV) and similar models built based on the temporal gradients of heart rate (dHR) and respiration volume variability (dRV). The percentage values are with respect to variance in CBF signal before removing noise with these models (that is CBF signal calculated from RETROICOR corrected ASL data).
Results with resting-state data are shown in gray, for task data are shown in blue (for saline condition), orange (for 1mg condition) and dark brown (for 2 mg condition). (not shown in Figure 6 ).
To evaluate the degree to which non-synchronized physiological noise correction was capable of reversing the observed changes in CBF dynamics, we applied each deconvolution approach to the data. In the following we will focus on the 2 mg results because cardiorespiratory stimulation largely affected these data. Among different models the maximum activation volume was found for the visual cortex when the dHR model was applied, which increased the volume by 13%. This model increased the activation volume in auditory cortex by 10% while correction based on dHRdRV model increased auditory cortex activation volume the most ($21%) but slightly ($5%) decreased the visual activation volume. Overall, among all the noise models, the largest change in response maps was observed when the dHRdRV model correction was applied (Table 1) The first two rows show the uncorrected results for saline and 2 mg, before noise removal. The average z-value over visual and auditory ROIs and the volume of clusters within these ROIs that pass the statistical threshold at z 5 3.1 (p < .001) after applying each noise model correction are shown. Since infusions of isoproterenol at 2 mg strongly stimulate the perception of cardiorespiratory interoceptive sensations Khalsa et al., 2009a Khalsa et al., , 2009b , it seems possible that participants' attention may have been diverted away from the audio-visual stimuli and towards cardiorespiratory stimuli during the second stimulus block, when the HR and RV changes are greatest. Such an attentional "shift"
away from exteroceptive sources during the second block might be expected to be associated with a decrease in auditory and visual CBF responses, and an increase in interoceptive CBF responses. The insula is known to play a key role in representing changes in cardiorespiratory states (Khalsa et al., 2009a; Oppenheimer & Cechetto, 2016) , particularly in the right hemisphere (Hassanpour et al., 2016) and especially in response to 2 mg of isoproterenol infusion (Khalsa et al., 2015; Khalsa et al., 2016) . To evaluate whether there was evidence of attentional shifts during isoproterenol stimulation, we examined whether there were dose-related changes in subjects' behavior on the continuous performance task. We found that while response latencies did not differ significantly across doses, there was a significantly greater number of commission errors (i.e., missed responses) (t 5 9.6, DF 5 45, p < .01) during the 2 mg infusion compared to saline infusion. Additionally, a whole brain analysis of changes in CBF during this period (80-120 s) compared to the baseline (0-40 s) showed an increase in CBF across the right insula during 2 mg (Supporting Information Figure S8 shows the time series of CBF across the right insula ROI).
| D ISC USSION
In this study we evaluated several different mechanisms by which cardiorespiratory physiological noise influences the ASL signal. We divided this physiological noise into two categories: (1) ASL signal fluctuations that are time locked to the cardiac and respiratory cycles, and (2) CBF changes that are not time locked to the cardiac and respiratory cycles.
We used the retrospective image based correction method (RETROI-COR) to estimate synchronized noise , and several linear deconvolution models to characterize non-synchronized noise (Chang et al., 2009) , in both resting-state and task-based data. RETROI-COR explained $15% of the variance in the resting-state data, and $23% of the variance in the task conditions due to synchronized cardiorespiratory fluctuations, in a consistent spatial pattern across restingstate and task-based ASL data. Using a linear deconvolution approach to identify non-synchronized cardiorespiratory noise, we explained up
Removing non-synchronized physiological noise using dHRdRV model improves measures of CBF activity during cardiorespiratory stimulation in both (a) visual and (b) auditory cortex. In these plots, gray curves represent group averaged CBF signal in the given ROI before applying noise removal and red curves show the same signals after noise removal. Error bars are standard errors. (c) Improvement in signal to noise ratio results in detection of more active voxels, particularly in auditory regions [Color figure can be viewed at wileyonlinelibrary.com] to 20% of additional variance in resting-state CBF data and up to 30% additional variance in task-based data at the group level. To our knowledge, this study represents the first application of these combined approaches to the ASL signal. By pharmacologically modulating the cardiorespiratory system, we also demonstrated that transient elevations in cardiac and respiratory outputs induce different levels of nonsynchronized physiological noise in ASL measures of CBF. We showed that removing this type of physiological artifact with the presented approach can substantially improve the statistical power of quantitative fMRI in detecting the brain's hemodynamic activity during task-based conditions.
The finding of a consistent group-level spatial pattern of synchronized physiological noise across both resting-state and task-based ASL data in the current study is noteworthy (e.g., Figure 2 ). These results
show that a large portion of ASL signal changes in regions around the brain stem, ventricles and major vessels are due to fluctuations that are time-locked to cardiac and respiratory cycles, and that adrenergic stimulation exacerbates the degree but not spatial extent of this physiological noise. Moreover, the absence of an evident increase in the relative intensity of synchronized noise as adrenergic cardiorespiratory stimulation increased (e.g., saline: 23.6%, 1 mg: 23.1%, 2 mg: 23.7%) demonstrates that the standard RETROICOR procedure is incompletely capable of detecting and therefore reducing these low-frequency (transient) cardiorespiratory effects on the ASL signal.
The "nuisance effect" of low-frequency variations in respiration volume (Birn, Murphy, & Bandettini, 2008a ) and heart rate (Shmueli et al., 2007) on the resting-state BOLD fMRI signal has been identified and characterized using the linear deconvolution method (Chang et al., 2009; Falahpour et al., 2013) . These studies have identified a biphasic relationship, with relatively larger negative deflections, between BOLD signal and cardiorespiratory parameters (HR and RV) that can model up to 16% of the variance in resting-state BOLD signal (Birn et al., 2008b; Chang et al., 2009) . However, until the current study the influence of these low-frequency variations on the ASL measures of CBF dynamics was unknown. Here we extended the linear deconvolution approach to show that low-frequency fluctuations in cardiorespiratory activity can induce large amounts of non-synchronized noise in both resting-state and task-based ASL measures of CBF (Figure 3 ). Similar to Chang et al.
(2009), we used both respiration volume variability (RV) in modeling the effect of respiration, and heart rate variations (HR) in modeling the effect of cardiac changes. Our rationale for using the time series of RV over other respiratory signals (e.g., respiration rate) was that (1) RV is more directly associated with tidal volume, the proximal driver of arterial carbon dioxide tension which can directly modulate cerebral perfusion, and (2) computing RV via calculating the standard deviation of recorded respiratory waveforms over a moving window provided a measure that was more robust to noise in the recorded signal.
Our results show that while synchronized noise affected resting and task data to similar extents (no significant difference), nonsynchronized noise tended to account for substantially higher (statistically significant) amounts of additional signal variance in the task-based data. Similar to the previous BOLD study (Chang et al., 2009) , we found that the HRRV model incorporating both heart rate and respiration 
| Limitations and methodological considerations
While the largest improvement was achieved using the dHRdRV model in the auditory cortex, we cannot at this time specify which noise model will perform "best" relative to other brain regions. However, the findings of our study provide a basis upon which future studies could evaluate the relative utility of one approach over another. Moreover, it is worth emphasizing that non-synchronized noise correction did not completely restore the signal to pre-and post-infusion levels in auditory and visual ROIs. We have considered several potential explanations for this: (i) it is possible that the noise correction algorithm is imperfect, (ii) the diversion of attention away from the exteroceptive input at the highest levels of stimulation (and toward interoceptive input) could have reduced neural activity in primary visual and auditory regions and increased activity in primary interoceptive regions. This is based on the description of a neural "spotlight effect" whereby focal attention on a perceptual feature amplifies activity in brain regions underlying that modality (Pourtois & Vuilleumier, 2006) . In support of the latter possibility, we observed increased activation in the right insula during the same time period, as well as increased attentional commission errors for the 2 lg dose of isoproterenol. (iii) A third possible explanation is a limitation of the current experimental design. The 4
We observed a slight but systematic increase in RV at 80 seconds after receiving the bolus infusion during the saline condition (Figure 1d ). We speculate that this might be an anticipatory response marking the expectation of bodily change and could potentially contribute to lower levels of difference in non-synchronized physiological noise between the isoproterenol conditions compared to the saline condition.
use of bolus isoproterenol infusions resulted in induced elevations in HR and RV occurring across an entire block of audio-visual stimulation.
Therefore, it is possible that physiological noise effects were correlated with task related CBF activity during the second block, and inadvertently removed by certain noise models. This might explain the better improvement with the model incorporating temporal gradients of HR and RV (dHRdRV model) compared to the model capturing the largest amount of non-synchronized cardiorespiratory noise (HRRV model; Figure 3 , Table 1 ). (iv) We cannot completely rule out the possibility that changes in heart rate during adrenergic stimulation might have reduced the labeling efficiency thus providing an alternative mechanism for reduced ASL signal in the brain. Even if this were the case, the current study clearly showed that correcting for non-synchronized cardiorespiratory noise improved the downstream ASL signal detected in the brain.
In this study we used data-driven voxel-wise estimates of LTFs to evaluate and remove non-synchronized physiological artifacts. In the previous BOLD study by Chang et al. (2009) , some degree of smoothness was applied to LTFs in order to estimate a more physiologically plausible response, and the shape of the LTF were further constrained
LTFs to start and end at 0. However, because each constraint decreases the degrees of freedom and we already had limited degrees of freedom in LTF estimation due to the low temporal sampling rate inherent to ASL, the only constraint we applied was for LTFs to start at 0. Based on these differences, the transfer functions employed in this study may not be ideal for showing a physiologically meaningful relationship between cardiorespiratory signals and CBF changes. The temporal profile of the estimated LTFs showed some variability across the brain within subjects and also a limited consistency in the spatial distribution of the shape of LTFs across subjects. A clustering analysis revealed that under conditions of physiological rest (resting-state and task condition with saline infusion) the shape of LFTs in most voxels followed a particular shape: (i) an immediate initial increase in CBF signal followed by a decrease lasting nearly 8 s, and recovery to baseline at around 16 s after the initial rise in response to respiration volume changes, and (ii) a delayed initial increase in the CBF signal followed by a decrease lasting almost 8 s before returning to baseline in response to changes in heart rate. Disregarding the behavior of LTFs at the tail part, these biphasic and mostly negative relationships may seem to resemble those found for the BOLD signal (Birn et al., 2008b; Chang et al., 2009 CompCor and those modeled here with the RETROICOR approach. On the other hand, our linear deconvolution analysis showed that nonsynchronized noise is not localized to a specific brain region. Rather, the temporal profile of this type of noise varies across the brain. Therefore, the noise models extracted from the pre-specified ROIs in CompCor are less likely to correlate with the individually calculated voxelwise non-synchronized noise models extracted here. While we would argue that better physiological noise removal is achieved by the methods presented here compared to a component based approach, a future study is warranted to quantitatively compare the effectiveness of each noise suppression approach.
Another important consideration is that the pulse sequence used in this study did not incorporate inversion pulses for background suppression (BGS; Maleki, Dai, & Alsop, 2012; Ye, Frank, Weinberger, & McLaughlin, 2000) , therefore, the results for percentage improvements in the signal variance with cardiorespiratory noise correction are not expected to be similar to when the BGS is included. We considered utilizing BGS but ultimately did not incorporate this approach in the current study for several reasons: (i) in multi slice imaging acquisitions, uniform suppression across the brain is difficult (Ghariq, Chappell, Schmid, Teeuwisse, & van Osch, 2014) improvements from RETROICOR and BGS have been suggested to be additive (Wu, Edlow, Elliot, Wang, & Detre, 2009) , with RETROICOR providing relatively more robust increases in sensitivity (Behzadi, Restom, Perthen, & Liu, 2006) . (iii) BGS attenuates the static tissue signal, as opposed to moving blood, therefore, it is unlikely to completely remove cardiorespiratory related fluctuations in CBF dynamics. Despite these considerations, it would be interesting to evaluate in a future study how the current approach for physiological noise correction (synchronized 1 non-synchronized) compares with respect to BGS in modulating physiological noise driven by cardiorespiratory signals.
A final argument for the importance of identifying and controlling for specific physiological noise parameters in future ASL studies relates to situations where neurocognitive tasks are suspected (or known) to concomitantly induce changes in cardiorespiratory physiological arousal. These types of arousal changes accompany certain types of emotional stimuli or cognitive tasks, such as those involving the Stroop effect (Boutcher & Boutcher, 2006) , isometric handgrip exercise (von Knobelsdorff-Brenkenhoff et al., 2013) , and social stress (Dedovic et al., 2005) . Such conditions likely alter the noise properties of fMRI signals, and failure to correct for them could potentially erroneously influence the inferences drawn from fMRI signals. Thus, measuring and removing these potential noise artifacts should be seen as critical for accurately identifying and differentiating cognition related neural activity from physiological noise (see Fechir et al. (2010) for an example in which insula and cerebellar activity were detected during a Stroop task, in the absence of physiological noise correction application).
| C ONC LUSI ON
In conclusion, in this study we explored different mechanisms by which changes in cardiorespiratory activity can influence the temporal dynamics of cerebral blood flow measured via ASL. We found that both synchronized and non-synchronized cardiorespiratory noise can account for a large portion of fluctuations in resting-state and taskbased ASL data, under conditions of physiological rest and elevated physiological arousal. Correction for both forms of cardiorespiratory noise increases the signal-to-noise ratio of the ASL signal, and helps to improve the detection of brain activity during task-based conditions.
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